Abstract. In this paper we investigate the explanatory power of the market beta, firm size, and the book-to-market ratio, as well as Value-at-Risk regarding the cross-sectional expected stock returns in a less developed stock market -Taiwan's stock market. The main purpose is to examine whether the Value-at-Risk factor has marginal explanatory power related to the Fama-French three-factor model. The empirical results show that Value-at-Risk can account for the average stock returns at both 1% and 5% significance levels based on cross-sectional regression analysis. Moreover, from the perspective of the time series regression, the Value-at-Risk factor can also demonstrate the variation of the stock market, especially for the larger companies in the Taiwan stock market.
Introduction
The prominent capital asset pricing model (CAPM) of Sharpe (1964) , Lintner (1965) , and Black (1972) has for decades been the major framework for analyzing the cross sectional variation in expected asset returns, but theory and practice might not always match. Fama and French (1992) draw two different conclusions regarding CAPM -that is, when one allows for variations in the CAPM market β that are unrelated to size, the univariate relationship between β and the average return for is weak, and β does not suffice to explain this average return. They also find no cross-sectional return-beta relationship while controlling for size and the ratio of book-to-market equity (Chan, Chui 1996) . Several alternative risk factors have consequently been employed in the literature, for example, the size effect of Banz (1981) and Nunes et al. (2012) . They finds the market value of equity (ME) and firm size provide an explanation of the cross-section of average returns. Other variables such as the book-to-market equity ratio (BE/ME) (Fama, French 1992 , 1993 Rosenberg et al. 1985) , the price/earnings ratio (Basu 1977) , leverage (Bhandari 1988) , Value-at-Risk (Bali, Cakici 2004) , and profitability and investment patterns (Fama and French 2013 ) also have significant explanatory power for making clear the average expected returns. Hung et al. (2004) , on the other hand, control for the sign of realized market premia and use higher order asset pricing models to test CAPM.
More noteworthy is that the conception and utilization of Value-at-Risk (henceforth VaR) are designed to summarize the predicted maximum loss (or worst loss) over a target horizon within a given confidence interval (Jorion 2000) . The movements of extreme price could bring serious results to some corporations and cause disastrous consequences for financial markets, although these cases are rare 1 . To a risk manager, a good measure of market risk is more than necessary. As such, VaR was first used by major financial firms and has become the most popular measurement for the risks of trading portfolios since the late 1980s.
Modeling portfolio risk with a traditional standard deviation (a good proxy of risk) measures implies in general that investors are concerned only with the average variation in single stock returns. Financial data, however, exhibit fat-tailed and asymmetric distributions for market returns. For the last few decades, the popular and traditional measure of risk has been volatility, yet the main problem with volatility is that it does not involve the direction of an investment's movement -a stock can be volatile, because it suddenly jumps higher. Investors are not distressed by gains! By assuming that investors care about the likelihood of a really big loss, VaR answers the question, "What is my worst-case scenario?" Traditional investment theory makes all possible uncertainty as risk in spite of the direction. As investors have shown, there is a problem if returns are not symmetrical. Investors worry about their losses "to the left" of the average, but they are not concerned with their gains "to the right" of the average. If investors are risk-averse, then they request greater compensation to hold stocks following higher downside risk. Many studies, including Campbell et al. (2001) , find that market volatility increases in bear markets and recessions. Duffee (1995) also finds that idiosyncratic volatility increases in down markets. Both of these effects generate conditional beta that has little asymmetry across the downside and the upside. In particular, this paper measures VaR in terms of a company's market value at risk. The VaR is related to the company's stock price and it reflects the shareholders' perception of risk. The downside focus separates the loss from the upside potential -namely, only the former truly constitutes risk and only negative surprises to the stock market represent potential litigation threats.
Only a few studies have surprisingly so far looked at VaR (a proxy of risk, Bali, Cakici 2004) . To the best of our knowledge, our attempt, which incorporates VaR as a measure of the risk explaining the portfolio expected returns in a less developed (emerging) stock market, is unique. In particular, the high volatility of stock returns occurs frequently in emerging stock markets. Under this circumstance, the dynamic risk management of VaR could access the real risks accurately. The daily price limit and short-sales constraint below last closing price are two major features in the Taiwan stock market. According to the information and overreaction hypothesis, the price limit does delay the process for prices to reflect intrinsic value. The short-sales constraint could prevent stock returns from any arbitrage momentum, but might tend to cause stock overvaluation and the overvaluation effect is more dramatic for individual stock reversely (Chang et al. 2007 ).
On the strength of the reasons mentioned above, we believe that the VaR is relevant as a risk factor and an appropriate risk measurement, and it could also provide a good explanatory power in stock return and stock market variation (Jorion 1996) . Another contribution of this paper is we fulfill the literature gap to examine whether the maximum potential loss measured by VaR plays a key role in explaining expected cross-sectional stock returns in Taiwan. Furthermore, this study also uses the Fama-French 3-factor model associated with VaR to investigate the cross-sectional variation at the firm level. The empirical results enrich our understanding of risk management and provide more evidence in emerging financial markets.
The remainder of this paper is organized as follows. Section 1 discusses the previous studies. Section 2 introduces the data, the variable definitions, and the models. The empirical results are presented in Section 3. Concluding remarks are given in the final section.
Literature review
Empirical research has provided several pieces of evidence that reject the validity of the Sharpe-Linter capital asset pricing model (CAPM). The existence of market frictions, the presence of irrational investors, and inefficient markets may distort the crosssectional relationship between expected stock returns and market beta. This research discusses the relevant evidence reported in empirical studies.
Fama-French three factor model
CAPM employs a single factor, beta, to compare a portfolio with the market as a whole and was first introduced by Sharpe (1964) and Lintner (1965) , but it oversimplifies the complex financial market. Fama and French (1992) start with the observation that two classes of stocks have tended to do better than the market as a whole: (1) small caps and (2) stocks with a high book-to-market equity ratio (BE/ME). They then add these two factors to CAPM to reflect a portfolio's exposure -that is, the Fama-French three factor model, which corresponds to the following 3-factor regression:
where R is the portfolio's return rate, RF is the risk-free return rate, and RM is the return of the aggregate stock market. The "three factor" beta is analogous to the classical beta, but not equal to it, since there are now two additional factors to do some of the work. The SMB (Small Minus Big) portfolio represents a zero-investment portfolio that is long in small-cap stocks and short in big-cap stocks. The HML (High Minus Low) portfolio represents a zero-investment portfolio that is long in high book-to-market stocks (so-called "Value" stocks) and short in low book-to-market stocks (so-called "Growth" stocks). The Fama-French model is based on the observation that small cap stocks and "Value" stocks historically tend to do better than the market as a whole. While 2 R for CAPM usually takes values of around 0.85, the Fama-French model is capable of accounting for almost all variation in individual assets 2 .
Application of Value-at-Risk (VaR)
The VaR analysis originated with the variance-covariance model introduced by J.P. Morgan's RiskMetrics in 1993. The variance-covariance approach to calculating risk could be traced back to the modern portfolio theory by Markowitz (1959) , in which most of today's risk managers are conversant. Engle and Manganelli (2004) further extend the quantile regression to model the VaR directly instead of modeling the underlying volatility generating process and also introduce the conditional autoregressive Valueat-Risk (CAViaR) model. Sequentially, Bali and Weinbaum (2005) , Cakici (2004 and 2006) , Lim and Tan (2007) , and Bail et al. (2009) also employ the concept of conditional VaR to measure idiosyncratic risk and market returns. It is worth noting that Bali and Cakici (2004) argue that the VaR captures the cross-sectional differences in expected stock returns of firms on the U.S. three major stock exchanges, whereas the market beta and total volatility have no power in explaining the firm's average stock returns. Therefore, this study is strongly motivated by their vigorous findings and follows a similar methodology to apply Taiwan data that compares the prediction ability (in terms of the R 2 value) of beta, size, BE/ME, and VaR and explains the cross-sectional variation in portfolio returns 3 .
Data, variable definitions and methodology

Data
According to Bali and Cakici (2004) , this paper examines whether the market factor (beta), firm size, BE/ME, and VaR provide different explanatory powers to the average stock returns under diverse company characteristics in an emerging market -Taiwan. The stock returns covered in this study include the all listed stocks of TSEC (Taiwan Stock Exchange). Regarding the sample period, to avoid possible abnormal trading activities during the 1997 Asia financial crisis period (1997 to 1998, when the total market value lost over 40%), the sample period for this study covers seventeen years, from 1991 to 2009. The estimation period spans from January 1991 through December 1995, while the test period extends from January 1996 to December 2009 4 . The Taiwan Economic Journal (TEJ) database provides these firms' stock returns.
Variable definitions
Systematic risk (Beta) Following Fama and French (1992) , this study sorts all the stocks by size (the market value of equity) to determine the stocks' quintile breakpoints, because the size differences may be attributed to a wide range of average returns and βs (Chan and Chen, 1991) . We then subdivide each size quintile into five portfolios on the basis of preranking betas for all the stocks. The pre-ranking betas are calculated by monthly returns of five years ending in December 1995 and 144 post-ranking monthly returns for each of 25 portfolios are estimated from January 1996 to December 2009 5 . We follow Allen and Cleary (1998) to evaluate beta incorporating Scholes and Williams (1997) as the sum of the slopes in the regression of portfolio returns on portfolios 6 .
Size
Following the previous studies, we evaluate size, the market value of a firm's outstanding shares, with the natural logarithm of the market value of equity.
Book-to-market equity (BE/ME)
Book-to-market equity (BE/ME) is the natural logarithm of the ratio of the book value of equity plus deferred taxes over the market value of equity, which involves accounting-and market-based variables. This paper uses a firm's market equity at the end of December of the previous year to compute its BE/ME.
Value-at-Risk (VaR)
In this paper we follow the method of Bali and Cakici (2004) to estimate VaR 7 . After obtaining the VaR for each stock, we rank and place VaR into 5 quintile portfolios. To be included in the sample, for a given month a stock has to satisfy several criteria. First, the stock returns over the previous 60 months are available. Second, data are available from TEJ to calculate the BE/ME ratio as of December of the previous year. Finally, we include only securities defined by TEJ as ordinary common shares. This screening process yields averages of 202 stocks per month. 5 The choice of using portfolios instead of individual shares is dictated by the evidence of Griffin and Lemmon (2002) which shows that this is the way the sampling error is reduced. Additionally, using portfolios also facilitates a comparison with past studies in the field, as the majority of these studies use portfolios instead of individual stocks. Further advantages of using portfolios instead of individual firms in the regressions include the following: 1. A pooled sample of individual firms used in CSR analysis allows us to eliminate the potential threat posed by temporal and firm-specific effects in terms of biasing the results. 2. There is significantly less computational effort in using portfolios instead of individual stocks in the regression analysis.
folio 1 has the lowest VaR and portfolio 5 has the highest VaR. The portfolio formation procedure is very similar to Fama and French (1992) , except that they update their portfolios annually, whereas we update ours on a monthly basis. The estimation period and test period of VaR respectively span from 1991 to 1995 and from 1996 through 2009. We calculate the one-month-ahead portfolio returns from 1996 to 2009 with 144 time series for the 5 equally-weighted portfolios based on VaRs and find that the portfolios with the higher VaR have greater rates of return.
Methodology
Cross-sectional regression This paper utilizes Fama-MacBeth (1973) (hereafter FM) regressions to examine whether the beta, size, BE/ME, 1% VaR, 5% VaR, and 10% VaR can provide large and statistically significant cross-sectional variations in expected stock returns. Monthly cross-sectional regressions are run for the following econometric specifications:
1% 5% 10%
BETA, ln(ME), ln(BE/ME), VaR , VaR , and VaR X = , where , 1 j t R + is the realized average return on stock j in month t + 1, and BETA and ln(ME) are the respective full-sample pre-ranking beta and the natural logarithm of market equity. VaR(α) is -1 times the maximum likely loss (VaR) with the loss probability level 1%, 5%, and 10% α = , and , 1 j t+ ε is the residual series from the cross-sectional regressions.
Size-BE/ME portfolios and VaR-BE/ME portfolios In the study we follow Fama and French (1993) to construct the factor mimicking portfolio. Fama and French (1993 also indicate the importance and calculations of RMRF, SMB, and HML. To test the performance of VaR based on the 25 portfolios of Fama and French (1993) , this study devises a factor, HVARL (high VaR minus low VaR), that is designed to mimic the risk factor in returns related to Value-at-Risk and is defined as the difference between the simple average returns on the high-VaR and lowVaR portfolios. The construction of a 5% VaR portfolio is similar to the construction of Fama and French's size portfolios. In December of each year t from 1996 to 2009, this study ranks all stocks according to a 5% VaR. The median 5% VaR figure is used to divide the stocks into two groups -the high VaR and low VaR groups.
Three-factor model and four-factor model
This study performs a four-step analysis of the various factors (RMRF, HVARL, SMB, and HML) in explaining stock returns and then examines the three-factor and fourfactor models. The three-factor model suggested by Fama and French (1993) provides an alternative to the CAPM for the estimation of expected returns. This model includes two additional factors to explain excess return: size and the book-to-market ratio. The Fama and French model is of primary interest to us as one of the objectives of the paper is to assess its implications for an investor's investment decision. The explanatory variables in the time series regressions include not only the returns on a market portfolio of stocks, but also the mimicking portfolio returns for size and book-to-market. The four-factor model adds another risk factor, i.e. HVARL, into the three-factor model. The risk factor is a mimicking portfolio that follows Bali and Cakici (2004) as follows:
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Empirical results
VaR and cross-sectional regression
This section shows the results of the Fama and MacBeth regressions (estimated by Ordinary Least Squares method) of excess returns on characteristics that are best known to be associated with expected returns -namely, the beta, firm size, BE/ME, and VaR (1%, 5%, and/or 10%) variables. Table 1 presents the time series average value of γ t , the t-statistics, and the time series averages of the determination coefficient (R 2 ) over Notes: ***, **, and * mean significantly different from zero at the 0.01, 0.05, and 0.10 levels, respectively. This table reports the time-series average of the month-by-month regression slopes from January 1996 to December 2009. The dependent variables are the monthly average returns on individual stocks. The independent variables include beta, firm size, the book-to-market ratio (BE/ME), and VaR α , where 1%, 5%, and 10%. α =
The betas that correspond to the portfolio they belong to are assigned to individual stocks. The size is the natural log of the market value. The BE/ME is the natural log of the book-to-market value. The VaR is calculated using the historical simulation method (the tails of the empirical return distribution). We use OLS (ordinary least squares) method to estimate regressions of the following form: , , , ,
where X contains 6 independent variables. The tstatistic reported in the parentheses is the average slope divided by its time-series standard error. For robustness, we also try 1% VaR and 10% VaR in Model 8, but the results have no significant change. the 144 months in the sample. The t-statistics shown in the parentheses are the time series average values of γ t divided by the corresponding time-series standard errors. As can be seen from the estimated slopes of beta, ln(ME) and ln(BE/ME) are all highly significant at the 1% level. The average slopes provide standard Fama-MacBeth tests for determining which explanatory variables had, on average, non-zero expected return premiums during the January 1996 to December 2009 period. As expected, there is a negative relationship between the realized stock returns and beta. The empirical evidence shows that the lower the sensitivity is of the asset return, the greater the realized return will be (Fama, MacBeth 1973; Banz 1981) . Meanwhile, the average slope for the monthly regressions of the realized returns and size, ln(ME), is negative and about -0.49, with a t-statistic of -33.81. We believe that size is related to profitability. On average, the profitability of larger-cap stocks in the Taiwan stock market is less than that of smaller-cap stocks. This result also shows that, for a firm with larger capitalization, the performance seems lower than for the small firm from the viewpoint of the cross-sectional regressions.
The average slope based on the univariate regressions of the monthly return on ln(BE/ ME) is about 0.94, with a t-statistic of 17.36, implying that the risk captured by BE/ ME is the relatively distressed factor of Chan and Chen (1991) . They postulate that the earning prospects of firms are associated with a risk factor in the returns. Firms that the market judges to have poor prospects, signaled here by low stock prices and high BE/ME ratios, have higher expected returns (they are penalized with higher costs of capital) than firms with strong prospects. It is also possible that BE/ME only captures the unraveling of irrational market whims regarding the prospects of firms. This result accords with the view put forward by Fama and French (1992) that BE/ME has a stronger role in explaining average stock returns than size. Furthermore, as we move to a lower significance level (higher confidence level), the VaR estimation becomes more important in explaining the cross-sectional average stock returns. We can see that the VaR(α) is significant when α is 1% and 5%. The results of the positive coefficients of VaR indicate that the greater a stock's potential fall in value is, the higher the expected return should be. In addition, we further report multivariate cross-sectional regression results as Model 7 and Model 8. The result shows that the VaR does provide a higher explanatory power to the stock monthly average returns. The R 2 of Model 7 and Model 8 are higher than those of Model 1 to Model 6.
VaR and time-series variation of expected returns
In time-series regressions, the slopes and R 2 values are direct evidence as to whether different risk factors capture a common variation in stock returns. This study examines the explanatory power of stock market factors. Table 2 of Panel A shows the simple statistics of RMRF, SMB, HML and HVARL. The average value of the market risk premium is 1.28% per month. This study also calculates the correlations between RMRF, SMB, HML, and HVARL. Table 2 of Panel B presents the correlation coefficients for the factors used. The last row shows that HVARL is positively correlated with RMRF and SMB, whereas it is negatively correlated with HML. A notable point is that the positive relationship between HVARL and SMB is much stronger than the negative relationship between HVARL and HML. To compare the relative performances of HVARL, RMRF, SMB, and HML, this study calculates the correlations between the returns for the 25 portfolios of Fama and French (1993) and the various factors. Table 3 shows that, not surprisingly, the excess return on the market portfolio of stocks, RMRF, captures more common variations in stock returns, on average, than HVARL, HML, and SMB. The average correlation between the returns for the 25 portfolios and RMRF is 0.7673, whereas the average correlation between HVARL and the monthly returns on the 25 portfolios is 0.4824. Furthermore, the average correlation is 0.3011 for SMB and -0.3809 for HML. Clearly, HVARL as a single factor is superior to SMB and HML in explaining the time-series variation in stock returns. Notes: S1B1 (S5B5) denotes a size-BE/ME portfolio that belongs to the smallest (largest) size quintile and lowest (highest) BE/ME quintile.
Properties of portfolios formed based on size and pre-ranking β
Fama and French (1992) find that after controlling for the size and book-to-market effects, beta seems to have no power to explain the average returns on a security. This finding is an important challenge to the notion of a rational market, since it seems to imply that a factor that should affect return -systematic risk -does not seem to matter. Table 4 shows that forming portfolios on size and pre-ranking βs, rather than on size alone, magnifies the range of full-period post-ranking βs. The all column and row shows statistics for equal-weighted size-decile portfolios and for equal-weighted portfolios of the stocks in each β group respectively.
The average row of Panel B of Table 4 shows that the portfolio beta of each beta group averaged across the 5 different-sized portfolios steadily increases from 0.81 to 1.21. Table 3 D.
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The average row in Panel C shows that the average portfolio size within each beta group is almost identical, ranging from 8.63 to 8.81. This allows us to interpret Panel A as a test of the net effect of beta on average returns holding size fixed. Panel A of Table 4 clearly shows that, for the period 1996-2009, average returns are not positively related to beta. The highest-beta portfolios do not have the highest returns, and this occurs Notes: At the end of year t-1, the stocks obtained from the TEJ are assigned to 5 size portfolios. Each size quintile is subdivided into 5 β portfolios using the pre-ranking β of individual stocks estimated with 60 monthly returns ending in December of year t-1. The equal-weighted monthly returns on the resulting 25 portfolios are then calculated for year t. The average returns are the time-series average of the monthly returns, in percentage form. The post-ranking βs use the full 1996-2009 sample of post-ranking returns for each portfolio. The pre-and post-ranking βs are the sum of the slopes from a regression of monthly returns for the current and prior months' value-weighted market return. The average size of a portfolio is the time-series average of each month's average value of ln(Size) for a stock within the portfolio. Size is dominated in millions of TWD. There are, on average, about 5 stocks in each size-β portfolio in each month.
in the fourth-beta portfolios. The results do not support the central prediction of the CAPM, because average stock returns are not positively related to the market beta at the portfolio level. The CAPM insight is that volatility arising from specific events (called specific or idiosyncratic risk) can be eliminated in a diversified portfolio, and that investors will not be paid for bearing these risks with extra returns. This result will support us as we continue to further discuss the three-and four-factor models. We should note that average monthly post-formation returns seem to be negatively correlated with firm size. The smallest size quintile, on average, has the highest average return (1.31% per month) and the biggest size quintile has the lowest average return (0.22% per month). Table 5 of Panel A reports that when common stock portfolios are formed on 5% VaR, the average stock returns are positively related to VaR. Going from the lowest 5% VaR quintile to the highest 5% VaR quintile, the average stock returns from VaR portfolios increase from 0.55% per month to 1.27% per month monotonically. This result supports our argument to the effect that if investors are more averse to the risk of losses on the downside than of gains on the upside, i.e. a higher VaR, then investors should demand greater compensation. Furthermore, we see that the greatest average monthly post-formation return is about 1.92%, and not surprisingly it is apparent in the highest VaR-BE/ME group. However, the average monthly post-formation returns are not similar within the same β quintile. For the smallest 5% VaR quintile, the highest β does not have the largest stock returns. Beta seems to have much less power to explain the average stock returns after controlling for the 5% VaR and book-to-market effects. These results inform us that the more a stock can potentially fall in value, the higher the expected return should be. Table 6 presents estimates from the three-factor model in which the excess returns on 25 portfolios are regressed on RMRF, SMB, and HML. Table 6 demonstrates that most of the coefficients for the three Fama-French factors (coefficient (b) is for RMRF, coefficient (c) is for SMB, and coefficient (d) is for HML) are highly significant. The lower BE/ME quintile and bigger size quintile portfolios capture between 70% and 90% of the variations in terms of the 2 R values. However, the higher BE/ME quintile and smaller size quintile seem to leave 30-40% of variations that cannot be explained by Fama and French's three-factor model. Furthermore, the results indicate that, when controlling for the BE/ME effect, the SMB factor is highly significant. What is initially surprising, however, is the fact that SMB seems to work in a reverse manner than what would be expected, i.e. small firms have on average higher returns than big firms do. This can be seen by looking at the coefficients for SMB, which go from positive to negative when moving from small stock portfolios to big stock portfolios and after taking into account the fact that the size premium is negative during our sample period. On the other hand, when controlling for size, the HML factor clearly captures the higher returns for the high BE/ME portfolios as compared to the low BE/ME stocks. Subsequently, we will continue to see if another factor -the VaR -can enhance and capture the variations. Therefore, SMB, the mimicking return for the size factor, has more power than HML. Not surprisingly, the slopes on HML are systematically related to BE/ME. In every size quintile of stocks, the HML slopes increase monotonically from lower to higher BE/ ME quintiles. Notes: The formation of the VaR-beta portfolios is similar to that of the size-β portfolios. At the end of year t-1, stocks are sorted by their 5% VaR and assigned to 5 portfolios. Each VaR quintile is subdivided into 5 β portfolios using the pre-ranking β ending in December of year t-1. The equalweighted monthly returns on the resulting 25 portfolios are then calculated for year t. The average returns are the time-series average of the monthly returns, in percentage form. The post-ranking βs use the full 1996-2009 sample of post-ranking returns for each portfolio. The pre-and post-ranking βs are the sum of the slopes from a regression of monthly returns on the current and prior months' value-weighted market return. The average 5% VaR of a portfolio is the time-series average of each month's average value of 5% VaR for stock in the portfolio. There are, on average, about 5 stocks in each VaR-β portfolio each month. Table 7 presents the parameter estimates, t-statistics, 2 R values, and standard errors of estimate (S.E.E.) from the time series regressions of excess stock returns on RMRF, SMB, HML, and HVARL. As shown in Table 7 , the slope coefficients for the market factor, RMRF, are highly significant. Most of the slope coefficients for SMB and HML factor are also significant. A notable point is that, for the lowest size-quintile, none of the HVARL slopes are significant, but the rest of 20 HVARL slopes are significant. The 2 R values of the four-factor model are greater than those of the three-factor model. When viewed at the portfolio level, these empirical results show that the VaR factor plays an important role in firms especially with larger capitalization. This could be the reason why either the concept of VaR is not very familiar to individual investors since they are the major participants in the Taiwan stock market or else larger companies always pay much attention to VaR in order to control for downside risk. However, after the New Basle II Accord was implemented at the end of 2006, VaR is looking to play an increasingly important role to stock returns in the future. 
Properties of portfolios formed on VaR and pre-ranking β
Main model results: three and four-factor models
Conclusions
By focusing on downside risk as an alternative measure of risk measured by VaR, this paper investigates whether the new VaR factor plays an important role in explaining Taiwan's stock returns from January 1996 to December 2009. The empirical results do not support the central prediction of the CAPM, because average stock returns are not positively related to the market beta at the portfolio level. From the cross-sectional regressions in a Fama and French (1992) asset pricing framework, we find that, in addition to market betas, idiosyncratic factors (such as firm size, book value of equity to market value of equity, 1% VaR, and 5% VaR) are related to the return at the individual stock level. In particular, the BE/ME factor captures most of the variations in average realized stock returns in terms of 2 R . From the time series regressions we investigate models with factors ranging from one to four to test the empirical performance at the portfolio level. From the results, which are based on 25 size/book-to-market portfolios of Fama and French (1993) , and following Bali and Cakici (2004) , we find that the HVARL factor further captures the variation in emerging/less developed stock markets, especially for the larger companies in the Taiwan stock market. Table 7 D.-H. Chen et al. VaR and the cross-section of expected stock returns: an emerging market evidence
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